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Abstract

This paper examines how Artificial Intelligence is reshaping economic structures, labour markets, and
institutional dynamics across advanced and developing economies. Drawing on theoretical foundations
such as creative destruction and skill-biased technological change, it evaluates how Al differs from past
automation waves through its self-learning capabilities, rapid diffusion, and expansion into non-routine
cognitive tasks. Empirical evidence shows that Al simultaneously displaces routine work, creates new
technical and analytical occupations, and intensifies productivity concentration among “superstar firms.”
The paper highlights the uneven wage effects of Al, demonstrating how institutional contexts influence
whether productivity gains translate into broad-based income growth or rising inequality. Through
comparative insights from Nordic countries, Singapore, and India, the analysis underscores that the
distributional outcomes of Al depend less on the technology itself and more on policy choices related to
education, regulation, and inclusion. The paper concludes that AI’s long-term economic impact will be
determined by the capacity of societies to combine innovation with human capital investment, ensuring
that efficiency and social equity advance together.
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1. Introduction

Artificial Intelligence (Al) has moved from theory to everyday infrastructure. From algorithmic trading
and predictive healthcare to self-driving cars and conversational agents, Al is no longer an abstract
discipline of computer science but a pervasive force shaping how economies function and how people
work (Brynjolfsson & McAfee, 2017). The pace of adoption is remarkable: between 2016 and 2024 global
private investment in Al grew more than six-fold, with applications touching almost every industry from
logistics to law (OECD, 2023). As automation becomes more cognitive and less mechanical, its impact
extends beyond efficiency to the re-ordering of entire labour markets.

For economists, the labour market acts like a mirror that clearly shows the effects of technological change.
Labour isn’t just about people working, it also connects human skills, education, and social mobility.
When a new technology like Artificial Intelligence (Al) changes how people work, it impacts income
levels, overall demand in the economy, and how fast productivity grows (Acemoglu & Restrepo, 2019).
These changes don’t affect everyone in the same way. Some workers benefit through higher productivity
and new job opportunities, while others lose out when their work gets automated or their bargaining power
weakens. In developing countries like India, where a young population and fast digital growth come
together, these shifts are especially important.
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Al is different from earlier waves of technology. The Industrial Revolution replaced physical labour with
machines, and computerization focused on processing information. But Al goes a step further, it automates
thinking. Using machine learning, Al systems can understand language, identify patterns, and make
predictions that can even match or surpass human decision-making (Bessen, 2019). Because of this, Al
isn’t just changing factory or office jobs, it’s also affecting professional and creative fields that were once
thought to be safe from automation. Economists call this a move from automating routine tasks to
replacing cognitive (mental) tasks, a shift that is transforming how jobs are divided and how wages are
decided (Autor, 2022).

At the same time, Al is a product of “cumulative learning.” Once data are incorporated into algorithmic
models, they continue to shape outcomes even if later removed, a feature that has implications not only
for privacy but also for economic resilience and fairness (Zhao, 2022; Marino et al., 2025). Persistent
digital records can reinforce bias in hiring algorithms, credit scoring, or productivity assessments, locking
workers into reputational profiles that are difficult to escape. The inability of intelligent systems to “forget”
mirrors an economy that rewards historical data more than human adaptability, subtly privileging
continuity over renewal. As Malleret et al. (2024) note in psychological research, human well-being
depends on the ability to move beyond outdated experiences; the same holds for markets that must re-
allocate labour flexibly in response to change.

The economic discussion around Artificial Intelligence (Al) is based on two main theories: Schumpeter’s
idea of creative destruction and the more recent concept of skill-biased technological change (SBTC).
Creative destruction explains how innovation shakes up the economy by replacing old jobs, companies,
and industries with new ones (Schumpeter, 1942/2010). SBTC adds another layer by showing how
technology affects workers differently, helping those with higher skills by increasing their productivity
and wages, while replacing routine or low-skill jobs (Goldin & Katz, 2018). Both ideas still apply today,
but Al adds new challenges. Since Al systems can learn and adapt, they don’t just take over human tasks,
they change what it means to be “skilled.” Now, knowing how to work with algorithms, such as
interpreting, checking, or improving them, has become a valuable skill in itself (Bogliacino et al., 2021).

Research also shows that AI’s impact on jobs has two sides. In the short term, automation often replaces
human labour in specific tasks. But over time, new job roles grow around Al development, maintenance,
and oversight. A study by Acemoglu et al. (2020) found that American companies using Al hired fewer
people for repetitive jobs but needed more engineers, data analysts, and managers who could work with
algorithmic systems. This shift from job loss to job transformation is similar to past waves of technology,
but it’s happening much faster.

India offers an instructive contrast. From a macroeconomic lens, the diffusion of Al raises the perennial
question of the productivity paradox. Despite rapid technological progress, productivity growth in many
advanced economies has been sluggish since the early 2010s (Brynjolfsson et al., 2021). Some economists
argue this reflects measurement lag, the benefits of Al accrue over time as organizations reorganize work.
Others suggest that productivity gains may concentrate in a few “superstar” firms, widening inequality
both across companies and within labour markets (Autor et al., 2023). In either case, distributional effects
are front and centre.

Across the world, the COVID-19 pandemic sped up digital transformation and exposed both the
advantages and challenges of technology-driven work. Online job platforms, delivery apps, and Al-based
logistics systems grew quickly, but they also revealed how unstable such work could be, with constant
digital monitoring and unpredictable incomes (ILO, 2021). In India, platforms like Swiggy and Zomato
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use Al algorithms to predict demand and assign deliveries. While these systems create flexible earning
opportunities, they also give companies more control and information power than the workers (Rani &
Furrer, 2023). This makes the rise of the “Al economy” not just about efficiency, but also about fairness,
dignity, and human freedom. It also connects to privacy concerns, once workers’ behaviour is recorded
through data, their economic identity becomes permanently traceable.

To study AI’s impact on labour markets, we need a broad approach that covers company-level decisions,
national economic outcomes, and ethical questions about human worth in production. This paper has three
main goals. First, to explain how Al technologies differ from earlier waves of automation in both scale
and working method. Second, to explore how Al affects employment, wages, and productivity, using
examples from India and around the world. Third, to understand how policies, education, and institutions
can guide this transition so that it benefits everyone rather than leaving some behind.

The study looks at both theory and real-world examples, focusing on industries such as global
manufacturing, India’s IT sector, healthcare, and the gig economy. These represent different kinds of Al
use, from robots in factories to algorithms managing workers. By combining international insights with
India’s experience, the research hopes to identify trends that can help students, policymakers, and
businesses prepare for the future of work.

2. Understanding Al and Economic Change

2.1 Defining Artificial Intelligence in the Economic Context

Artificial Intelligence (AI) refers to the capability of machines and algorithms to perform tasks that
normally require human cognition, learning, reasoning, and problem-solving. It includes several
overlapping domains such as machine learning, deep learning, natural language processing, computer
vision, and robotics. In economic terms, Al represents a general-purpose technology, similar to electricity
or the internet, that can be embedded across sectors and amplify productivity through automation,
optimization, and data-driven decision-making (Brynjolfsson & McAfee, 2017).

Unlike older types of automation that focused mainly on repetitive or mechanical tasks, Artificial
Intelligence (AI) goes much further. Machine-learning algorithms can learn from data and keep improving
their accuracy and performance over time. For example, deep neural networks can recognize complex
patterns in huge amounts of data, making it possible to automate thinking-based tasks such as language
translation, medical diagnosis, and financial prediction (Bessen, 2019). Generative Al takes this even
further, it can create new text, images, and computer code, which were once considered uniquely human
abilities. This shift from fixed, rule-based programming to self-learning systems means that the economic
impact of Al will be wider, faster, and harder to predict than any previous industrial revolution.

2.2 Theoretical Frameworks: Linking AI and Economic Change

Economists have traditionally studied the relationship between technology and labour through two
primary frameworks: creative destruction and skill-biased technological change (SBTC).

Creative destruction, a concept rooted in Schumpeter’s work, describes how technological innovation
destroys old economic structures while creating new ones (Schumpeter, 1942/2010). Each industrial
revolution, from steam to electricity to computing, has displaced certain forms of labour while generating
entirely new industries. Al fits this model perfectly, it eliminates jobs involving predictable or repetitive
tasks but simultaneously creates new categories of work in data science, Al safety, algorithmic auditing,
and platform management (Acemoglu & Restrepo, 2019).
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The SBTC framework builds on this by explaining how technology alters income distribution. When
new technologies complement skilled workers, those capable of adapting to or designing new tools, their
wages rise relative to those whose tasks can be automated. Over time, this widens wage inequality and
reshapes labour-market hierarchies (Goldin & Katz, 2018). Al exemplifies this process: demand increases
for computational scientists, data engineers, and managers who can integrate Al into workflows, while
routine office and clerical roles lose value.

Both frameworks capture pieces of the Al puzzle, but Al adds something qualitatively different, self-
learning adaptation. Earlier machines replaced human physical effort; Al replaces cognitive effort in a
dynamic and continuously improving way. This adaptive feedback loop makes economic displacement
less predictable and policy intervention more urgent (Autor, 2022).

2.3 Al Versus Previous Automation Waves

Earlier waves of automation, like industrial machines or computer systems, mainly focused on routine
work, whether physical (manual labour) or mental (data entry or calculations). Artificial Intelligence (Al),
however, extends automation into non-routine cognitive areas such as legal research, medical imaging,
and creative design. Instead of following fixed rules, Al systems work by recognizing patterns and making
predictions from complex, unstructured data (Frick, 2024).

Take manufacturing as an example. In the 20th century, robots were used to assemble products; today, Al-
powered robots can manage and optimize entire production lines in real time. Similarly, earlier office
automation helped digitize files and documents, but modern generative Al tools can now write reports or
handle customer queries without being given specific instructions. This ability to operate across both
physical and mental tasks makes Al a true “economy-wide disruptor.”

Al also relies heavily on data and interconnected systems. Its effectiveness grows as it learns from billions
of digital interactions, which makes it spread quickly, but mostly among companies that have access to
large datasets and powerful computing systems (Bughin, 2024). As a result, while Al can drive major
productivity gains, it may also increase concentration of power and profits among a few large firms,
leading to greater economic inequality (Autor et al., 2023).

2.4 Task-Based Analysis and Skill Shifts

One of the most influential approaches to understanding technological change today is the task-based
model. Rather than treating entire occupations as disappearing, this model decomposes jobs into tasks that
can be automated, complemented, or newly created. Al primarily alters the composition of these tasks.
Acemoglu and Restrepo (2019) argue that automation first substitutes human labour in specific tasks but
later creates new tasks elsewhere, what they call the “automation-reinstatement cycle.” For instance, Al
might automate data entry but create new demand for data-quality analysts or human-machine
coordinators. At the micro-level, this means that few jobs vanish entirely; most evolve.

As a result, skill demand polarises. The premium for advanced analytical and technical skills rises, while
the demand for middle-skill, routine work shrinks. Low-skill manual jobs, which often require in-person
human presence, remain relatively stable but poorly paid. This creates a “U-shaped” employment structure
observed in many advanced economies since the 2000s (Autor, 2022). Al may deepen this pattern by
further eroding middle-income cognitive work such as basic accounting, translation, or customer support.
At the same time, Al increases the value of soft skills, creativity, empathy, negotiation, and adaptability
that machines cannot yet replicate effectively (Bloom et al., 2024). Firms deploying Al tools report rising
demand for hybrid roles that combine technical proficiency with interpersonal or managerial competence.
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2.5 Empirical Evidence from Global Studies

Research data clearly show that Artificial Intelligence (Al) is changing how companies operate and how
jobs are structured. Acemoglu et al. (2020) found that U.S. companies with high “Al exposure”, meaning
they use Al tools for data analysis or automation, hire 7-12% fewer people for routine tasks compared to
companies that use less Al. At the same time, these firms increase hiring for jobs that complement Al,
such as project management, design, and data analytics.

Likewise, Bughin (2024) demonstrated through global simulations that countries adopting Al more widely
experience a shift in employment toward creative and decision-making roles. Productivity also tends to
rise fastest in these sectors, giving rise to “superstar firms” that dominate markets and earn much larger
profits than others. This creates a mixed outcome: while Al adoption boosts overall productivity and
innovation, it also increases inequality between firms, as only a few capture most of the gains.

2.6 The Indian Context: A Dual Economy in Transition

India represents a unique case of Al-driven economic change. With a workforce exceeding 500 million
people, where more than 80 percent work in the informal sector, the challenge is not merely adopting Al
but managing its uneven diffusion (NITI Aayog, 2023). The service-sector dominance of the Indian
economy means that AI’s first major effects will occur in information-technology and business-process-
outsourcing (BPO) industries.

Routine coding, data entry, and back-office processes, once the hallmark of India’s export success, are
now increasingly automated by machine-learning systems and generative Al platforms. Infosys, TCS, and
Wipro have begun large-scale reskilling initiatives to move employees into data analytics, cybersecurity,
and Al development (ILO, 2024). Yet, while white-collar automation looms, India’s manufacturing and
agriculture sectors remain under-automated, creating a paradox of simultaneous technological
leapfrogging and under-digitization.

Ganuthula and Balaraman (2025) describe this as a “double vulnerability”: high exposure to automation
coupled with low readiness. Without systemic investment in digital literacy and adaptive education, the
benefits of Al could remain concentrated in a small urban elite. However, if leveraged correctly, India’s
demographic advantage, its youthful, English-speaking workforce, could position it as a global hub for Al
training data, ethical auditing, and human-in-the-loop supervision.

2.7 Why Al Differs from Historical Transitions

Al stands out not only for what it can do but also for how quickly and widely it spreads. Unlike earlier
automation technologies that took decades to develop and expand, Al is evolving at a very fast pace,
sometimes changing within months. For example, generative Al tools such as ChatGPT, which were
launched in late 2022, reached more than 100 million users in just two months. This was the fastest
adoption rate ever recorded for a new technology (OECD, 2023). Because of this rapid growth, education
systems, job markets, and labour policies now have much less time to adjust.

Another important feature of Al is that it improves through network effects. Every new user or piece of
data helps the system learn and perform better, giving early users and companies a significant advantage
(Brynjolfsson et al., 2021). This creates a feedback loop where Al becomes more powerful for those who
have access to large amounts of data and strong computing systems. However, it can also increase the gap
between nations and firms that have these resources and those that do not.

There is also an ethical and structural concern. Al systems retain the data they are trained on, and that
information continues to influence their future decisions. In economic terms, this creates what researchers
call “lock-in effects,” where biases present in older data affect systems such as credit scoring, hiring, and
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employee evaluation (Zhao, 2022; Marino et al., 2025). As a result, inequalities that existed in the past
can quietly continue through Al-based processes.

2.8 Key Takeaways

Understanding the relationship between Al and economic change means bringing together knowledge of
technology, economic theory, and real-world institutions. Al is not just another technological tool; it is a
self-learning, data-driven system that is reshaping how production and value creation take place. Its impact
on the economy can be seen in three main ways: substitution, where Al automates human tasks;
complementarity, where humans and Al work together; and creation, where entirely new industries and
services emerge.

In developed countries, the main challenge is to deal with growing inequality and the concentration of
power in a few large firms. In developing countries like India, the focus is on ensuring that Al spreads
inclusively and that workers are reskilled quickly. In every context, the fast spread of Al means that
flexibility and the ability to adapt have become the most important forms of capital. Looking ahead, the
effects of Al on jobs and wages will depend less on the technology itself and more on how societies design
their education systems, labour regulations, and ethical standards for digital work.

3. Al and Employment Dynamics

3.1 The Evolving Relationship between Technology and Work

Artificial intelligence (Al) is transforming not only how economies produce goods and services but also
how human labour fits within that production process. Historically, technological progress has been a
double-edged force, simultaneously creating and destroying jobs. The mechanisation of agriculture
reduced rural employment but gave rise to manufacturing; computerisation displaced typists but spawned
entire software industries. Al intensifies this cycle because it targets cognitive rather than merely manual
functions (Brynjolfsson & McAfee, 2017). It’s adaptive nature allows algorithms to learn tasks across
sectors, from language translation to customer service, making its labour-market reach virtually unlimited.
Economists conceptualise this through what Acemoglu and Restrepo (2019) call the automation—
reinstatement cycle: automation reduces demand for certain human tasks, but new technologies also
generate complementary tasks requiring human oversight, design, and maintenance. The critical variable
is the speed at which these new tasks appear compared with the speed of automation. If creation lags
behind displacement, economies experience temporary job losses, falling labour shares, and wage
stagnation. This lag is at the heart of current debates on AI’s net employment effects.

3.2 Job Displacement: The Automation of Routine Tasks

The strongest evidence of job displacement appears in roles that involve routine mental or physical tasks.
Machine-learning systems can now handle data entry, document sorting, transcription, and even basic
legal research at much lower costs than humans. According to studies, around 14 percent of jobs
worldwide face a high risk of automation, and another 32 percent are likely to see major changes in how
tasks are performed (OECD, 2023).

In manufacturing, the use of Al-powered robots has reduced the need for repetitive assembly-line work.
Companies like Toyota and Tesla now rely on collaborative robots, or cobots, that use computer vision
and reinforcement learning to carry out tasks such as painting, welding, and inspection. This has made
production more efficient and safer but has also lowered the demand for semi-skilled workers (Bogliacino
et al., 2021). In logistics, Amazon’s warehouses use more than half a million robots guided by Al systems
that plan the best routes and shelf placements. Even though the company’s total workforce is still growing,
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the number of low-skill warehouse jobs per unit of production has dropped sharply (Brynjolfsson et al.,
2021).

In developing countries such as India, job displacement takes a different form. Instead of mass layoffs in
factories, the impact is felt more in the service sector, especially in business-process-outsourcing (BPO)
and IT support. Many routine tasks like invoice handling, customer support, and basic coding can now be
automated using natural-language Al models and robotic process automation (NITI Aayog, 2023). The
International Labour Organization (ILO, 2024) estimates that about 27 percent of formal service-sector
jobs in India face a high risk of automation. This does not immediately lead to unemployment but results
in fewer entry-level opportunities, especially in roles that used to employ large numbers of recent
graduates.

3.3 Job Creation and Transformation: The Complementarity Channel

While displacement dominates headlines, job creation often occurs through complementarity: Al expands
demand for roles that design, supervise, or apply intelligent systems. Acemoglu et al. (2020) show that
U.S. firms integrating Al reduced routine hiring by about 10 percent but increased demand for high-skill
professionals, engineers, analysts, and project managers, by a similar magnitude. The World Economic
Forum (2023) projects that Al will create 97 million new roles globally by 2025 in fields such as data
analysis, digital marketing, and cybersecurity.

Al also generates indirect employment multipliers. When firms become more productive, they expand
output and downstream demand for complementary goods and services. For instance, automation in
manufacturing stimulates logistics, design, and maintenance sectors. A McKinsey study (Bughin, 2024)
estimates that Al-driven productivity gains could raise global GDP by $13 trillion by 2030, indirectly
supporting millions of jobs through higher aggregate demand.

In India, similar trends are visible. Large IT firms have launched “Al-upskilling” programs, Infosys’s Lex
platform and Wipro’s TalentNext, training over a million employees in machine learning, cloud
computing, and data governance (ILO, 2024). Start-ups in health tech, agritech, and education technology
have also become engines of new employment. By 2025, India’s Al industry is projected to create 20
million direct and indirect jobs, largely in software, data annotation, and ethical auditing (Ganuthula &
Balaraman, 2025). However, these opportunities demand advanced digital and analytical skills, creating a
race between education systems and technological change.

3.4 Sectoral Variations: Vulnerability and Resilience

Manufacturing

Manufacturing remains the emblematic case of Al-driven automation. Smart factories equipped with
predictive-maintenance algorithms and computer-vision inspection systems now require fewer human
workers per output unit. Yet, as Autor (2022) notes, many production systems still need technicians to
monitor sensor data, calibrate machines, and ensure quality control. This transition replaces routine
assembly roles with higher-skill maintenance and data-management roles, fewer in number but better paid.
IT and Business Services

In information technology, automation targets repetitive software-testing and code-generation tasks. Tools
such as GitHub Copilot and Google’s Gemini assist developers by writing boilerplate code, thereby
increasing individual productivity but reducing demand for large junior-developer teams (Bessen, 2019).
The Indian IT industry illustrates this perfectly: employment is stabilising even as output rises, signalling
a decoupling of growth and headcount. The sector’s resilience depends on continual reskilling and
movement up the value chain toward Al system design and consulting.
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Healthcare

AT’s spread into healthcare illustrates complementarity more than substitution. Diagnostic algorithms for
radiology, pathology, and dermatology now match or exceed human accuracy (Frick, 2024). Rather than
replacing clinicians, these tools allow doctors to handle larger patient loads and focus on complex cases.
However, administrative staff, billing, scheduling, or transcription, face partial automation. In India,
telemedicine platforms using Al-triage bots (e.g., Practo, Img) have created new para-clinical roles,
showing that job displacement and creation can coexist within the same sector.

Retail and the Gig Economy

In retail and logistics, Al-driven demand prediction and route optimisation streamline operations but
tighten labour conditions. Platforms like Swiggy and Zomato use dynamic-pricing algorithms to allocate
orders and monitor delivery times. While these systems improve efficiency, they also subject workers to
continuous algorithmic evaluation, sometimes reducing effective wages during low-demand hours (Rani
& Furrer, 2023). This “algorithmic management” replaces human supervisors but raises concerns about
transparency, autonomy, and income volatility.

3.5 Skill Requirements and Workforce Adaptation

Al is transforming the types of skills that are most valuable in the workforce in at least three main ways.
First, technical literacy, the ability to understand and work with data-driven systems, is becoming
important in almost every profession. Second, human skills such as creativity, empathy, and critical
thinking are becoming more valuable because they are difficult for machines to replicate. Third, learning
agility, the ability to keep learning and adapting new skills, is emerging as the key factor that determines
employability (Bloom et al., 2024).

Education systems around the world are finding it hard to keep up with these changes. Many still focus on
memorisation instead of encouraging problem-solving and interdisciplinary learning. To stay competitive,
countries need to include computational thinking, ethics, and soft-skill development from early schooling.
India’s National Education Policy (NEP 2020) has made progress by promoting digital education and
hands-on learning, but its implementation is still uneven. Without better access to digital infrastructure,
the gap in skills between urban and rural students may continue to grow, repeating the same inequalities
that Al could make worse.

Corporate training also has a major role to play. According to NITI Aayog (2023), Indian companies that
regularly invest in employee reskilling achieve about 1.5 times higher productivity growth compared to
those that do not. However, most small and medium enterprises lack the funding and structure to provide
formal Al-related training. Government policies such as tax incentives for upskilling programs or public—
private training centres could help reduce this gap and prepare the broader workforce for an Al-driven
economy.

3.6 Gender and Social Dimensions

AT’s labour-market effects are not evenly distributed across gender or social groups. Globally, women are
over-represented in clerical and administrative jobs, occupations with high automation potential (ILO,
2021). Unless retraining efforts explicitly target women, Al could reinforce existing gender gaps. In India,
the impact is magnified by lower female labour-force participation and limited access to technical
education. Encouragingly, initiatives such as Women in Al India and NASSCOM'’s SheCodes have begun
addressing these barriers, showing that inclusive design of Al policy can mitigate inequality.

3.7 The Broader Employment Paradox

The paradox of Al in labour markets is that productivity and employment do not always move in tandem.
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Economies may experience jobless growth, rising output without proportional labour absorption. Autor et
al. (2023) attribute this to the concentration of Al-driven productivity gains in a few “superstar” firms,
leaving smaller enterprises and their workers behind. In such cases, national employment may stagnate
even as GDP rises.

At the same time, completely pessimistic narratives overlook human adaptability. Historical evidence
shows that societies eventually absorb new technologies through educational reform and policy adaptation.
The open question is timing. If adaptation lags too far behind innovation, unemployment and inequality
can rise sharply before stabilising. That’s why proactive reskilling, portable social protection, and Al-
ethics regulation are not peripheral; they are economic necessities.

3.8 Indian Labour-Market Outlook

In India, Al’s employment dynamics are mediated by three factors: demographic structure, digital
infrastructure, and institutional readiness. With a median age of 28, India’s workforce is potentially agile;
yet digital access and quality education remain uneven. NITI Aayog (2023) projects that Al could add $1
trillion to India’s GDP by 2035, but capturing that potential depends on reskilling over 200 million
workers.

Sectors such as agriculture and logistics are likely to benefit from Al-based optimisation, which can
improve efficiency in areas like crop monitoring, supply-chain management, and predictive maintenance.
At the same time, many traditional office support roles may decline as automation tools take over
administrative and data-handling tasks (NITI Aayog, 2023). To address these shifts, government
programmes such as Al for All, launched in 2022, and the Skill India Digital platform have been
introduced to promote Al awareness and make digital education more accessible across regions (Ministry
of Education, 2022). However, achieving truly inclusive progress will require close coordination among
government ministries, industry associations, and academic institutions. Without such collaboration, the
advantages of Al adoption may remain concentrated in a few urban centres like Bengaluru, Hyderabad,
and Pune (Rani & Furrer, 2023).

AT’s effect on employment is complex and depends on the strength of a country’s institutions and policies.
It can displace certain types of workers while empowering others, increase productivity while widening
wage gaps, and generate growth even as it risks deepening inequality (Acemoglu & Restrepo, 2019; Autor
et al., 2023). The key question, therefore, is not whether Al will remove jobs but whether societies can
build the right environment for new kinds of work to emerge. For India, the challenge lies in maintaining
a balance between automation and inclusion so that its demographic advantage can transform into a true
technological dividend rather than a missed opportunity (NITI Aayog, 2023; ILO, 2024).

4. Wage Structures and Inequality

4.1 The New Geography of Wages in the Age of Al

Technological revolutions have always redefined wage hierarchies, but artificial intelligence (AI) has
accelerated this process. While mechanisation and computerisation once favoured manual or clerical
efficiency, Al rewards cognitive adaptability and digital fluency. The result is a widening income gap
between those who can design or manage Al systems and those who perform tasks increasingly mediated,
or replaced, by them (Autor, 2022). In high-income economies, this is visible as wage polarization: high-
skill, high-pay jobs expand; low-skill service jobs remain; middle-income routine work shrinks.

Global data confirm the pattern. Across OECD countries, wage inequality rose by an average of 10 percent
between 2000 and 2022, driven largely by the automation of routine cognitive tasks (OECD, 2023). The
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top decile of earners, disproportionately employed in technology-intensive sectors, captured nearly half of
productivity gains from digitalisation (Brynjolfsson et al., 2021). In contrast, middle-skill workers, clerks,
administrative assistants, assembly operators, saw real wages stagnate despite rising output.

The Indian labour market mirrors this divergence in its own way. While high-end IT professionals and
data scientists command global-scale salaries, call-centre workers and junior coders experience wage
compression as automation substitutes routine tasks (NITI Aayog, 2023). The result is a bifurcated wage
structure, one segment globally integrated and highly paid, the other trapped in low-value service work.
4.2 Understanding Wage Polarization

Economists explain wage polarization through the skill-biased technological change (SBTC) framework:
technologies like AI complement high-skill labour and substitute for middle-skill labour (Goldin & Katz,
2018). Machine learning handles structured, rule-based decision-making, but it still requires high-level
human input in model design, interpretation, and ethics. Consequently, returns accrue to engineers,
analysts, and data-savvy managers.

Autor et al. (2023) show that the labour share of income has fallen significantly in industries adopting Al
yet within those same industries, top-skill wages rose sharply. This duality, declining overall labour share
but rising high-skill pay, is the hallmark of the Al economy. Firms capture a larger share of productivity
gains as intangible capital (algorithms, data, patents) while human returns become unevenly distributed.
For India, the process plays out across regional and educational divides. The World Bank (2023) reports
that graduates with STEM or management degrees saw a 25 percent real-wage increase between 2010 and
2022, compared with less than 5 percent for humanities graduates. Urban digital hubs like Bengaluru and
Hyderabad have median technology salaries 2.3 times higher than India’s national average (ILO, 2024).
This concentration of opportunity creates a geography of inequality: digital elites cluster in cities while
semi-skilled workers remain tied to informal economies.

4.3 Al, Productivity, and the Wage—Productivity Gap

AT’s main economic advantage is its potential to increase productivity, but higher productivity does not
always lead to higher wages. The gap between how much workers produce and how much they earn,
known as the wage—productivity gap, has widened in most advanced economies since the early 2000s
(Brynjolfsson & McAfee, 2017).

One major reason for this is capital deepening. Companies that invest heavily in Al often replace human
labour with software and data systems. As a result, their profits increase, but wages grow more slowly
because workers contribute less directly to value creation (Bessen, 2019). Another factor is labour
monopsony, where a few powerful technology companies dominate the market and influence wage levels.
Autor et al. (2023) describe these as “superstar firms,” which can afford to pay high salaries but employ
very few people. This pushes up average wage figures without actually improving the earnings of most
workers.

In developing countries, Al can worsen existing inequalities. For instance, in India, productivity per
worker in the IT services sector increased by about 34 percent between 2013 and 2023, while median
wages grew only 12 percent during the same period (NITI Aayog, 2023). This gap reflects India’s position
in global value chains, where many local firms perform data-related work but do not own the intellectual
property behind it. As a result, much of the profit generated by these Al-related activities flows to foreign
companies rather than remaining within the domestic economy.

4.4 Algorithmic Pay and the Gig Economy

Perhaps the most visible laboratory for Al-driven wage restructuring is the gig economy. Platforms like
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Uber, Swiggy, Zomato, and Amazon Flex use algorithms to set dynamic pay based on real-time demand,
distance, and driver ratings. Ostensibly objective, these systems often obscure wage logic and increase
volatility.

ILO (2021) documents that algorithmic management frequently leads to income precarity: workers face
opaque pay calculations, sudden deactivations, and no bargaining power. In India, delivery riders report
weekly earnings fluctuating by 3040 percent depending on algorithmic incentives (Rani & Furrer, 2023).
The Al systems optimising efficiency simultaneously transfer business risk from firms to individuals.

At the same time, algorithmic platforms create new entry points for informal workers who might otherwise
lack employment. A 2024 NASSCOM study found that 8 percent of India’s urban workforce earns partial
income from platform work, with 22 percent viewing it as a stepping-stone to full-time self-employment.
The issue is not Al per se but how pay systems are governed. Without transparency and regulation, digital
platforms can perpetuate inequality even as they expand access to income.

4.5 Gender and Intersectional Dimensions

AT’s influence on wage structures also interacts with gender and social hierarchies. Globally, women are
over-represented in clerical and administrative roles, occupations with the highest automation potential
(ILO, 2021). As these positions shrink, women’s aggregate labour income could fall disproportionately.
Conversely, high-skill technical roles, which command wage premiums, remain male-dominated.

In India, the gender wage gap in the formal sector stands at roughly 19 percent, but in digital services it
exceeds 25 percent (ILO, 2024). Part of this arises from unequal access to technical training; part from
algorithmic bias. Zhao (2022) and Marino et al. (2025) caution that biased datasets can encode historical
wage disparities, leading Al recruitment tools to perpetuate them. If algorithms learn from skewed
historical pay scales, they may reproduce systemic discrimination even when human decision-makers
intend fairness.

Caste and regional inequities compound the effect. Workers from marginalized communities are
underrepresented in Al-intensive occupations, limiting their access to wage growth. A 2025 study by
Ganuthula & Balaraman found that 70 percent of high-income Al-related employment in India is
concentrated in five metropolitan regions, underscoring the spatial dimension of wage inequality.

4.6 Global Comparative Patterns

Comparative research shows that Al influences wage inequality differently across institutional settings. In
Nordic countries, where trade unions remain strong and labour-market policies are active, Al adoption has
been associated with narrower wage gaps, as collective bargaining mechanisms ensure that productivity
gains are more evenly distributed (Frick, 2024). In contrast, in economies such as the United States and
the United Kingdom, where union membership has steadily declined, Al adoption has coincided with
sharper wage polarisation and rising income disparities (Autor, 2022).

Developing economies face a more complex challenge. Al could serve as a tool to leapfrog traditional
development stages or could entrench them in low-value digital labour cycles. For instance, while Al
outsourcing hubs in India and the Philippines generate substantial foreign exchange, the majority of profits
often flow to multinational corporations rather than local employees (Bughin, 2024). The long-term
trajectory for these countries will depend on whether they can transition from data-processing service
providers to creators of proprietary Al technologies, thereby moving from labour cost advantages to
innovation-driven intellectual capital.

4.7 Policy Interventions and Future Directions

Addressing Al-driven wage inequality requires a mix of redistributive and structural reforms. Economists
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propose three complementary strategies.

First, reskilling and lifelong learning programs can bridge skill gaps and help workers capture Al-related
wage premiums. Evidence from Singapore’s SkillsFuture initiative shows that targeted subsidies for
digital upskilling raised average wages among mid-career workers by 8 percent within two years (OECD,
2023). India’s Skill India Digital and Al for All programs follow a similar model but need deeper private-
sector collaboration.

Second, progressive taxation of automation has re-entered policy debate. Acemoglu and Restrepo (2019)
argue that when capital (Al systems) substitutes labour, tax structures should offset declining payroll
contributions by taxing automation benefits. While politically contentious, such policies could finance
social insurance or universal reskilling funds.

Third, strengthening collective voice in digital workplaces can mitigate pay volatility. Unions in Europe
have begun negotiating algorithm-audit clauses that ensure transparency in pay calculations. India’s Code
on Social Security (2020) includes provisions for gig-worker protection, but enforcement remains limited.
Formal recognition of platform workers as employees, currently under debate, would extend minimum-
wage and insurance rights to millions.

4.8 Ethical and Long-Term Considerations

Beyond economics, persistent wage inequality undermines social cohesion. When Al systems preserve
historical data indefinitely, they may perpetuate obsolete assessments of workers’ value, reducing upward
mobility (Zhao, 2022; Marino et al., 2025). Just as humans benefit from forgetting past errors, economies
need mechanisms for digital forgiveness, for example, data-retention limits and algorithmic resets that
allow workers to rebuild reputations. This moral dimension links dignity to economics: wage fairness is
not only about efficiency but also about the right to evolve.

5. Productivity and Economic Growth

5.1 Rethinking Productivity in the AI Economy

Artificial Intelligence (Al) has quickly become the defining driver of productivity in the 21st century.
Economists view Al not merely as another wave of automation but as a general-purpose technology, a
foundational innovation that transforms production across multiple sectors (Brynjolfsson & McAfee,
2017). Like electricity or the internet, Al has both direct and spillover effects on output, efficiency, and
innovation.

At its core, productivity measures how efficiently inputs, labour, capital, and technology, generate output.
Historically, breakthroughs such as mechanisation or computing caused long-term gains in total factor
productivity (TFP). Yet, Al presents a more nuanced case. While firms deploying Al tools often report
substantial improvements in operational efficiency, macroeconomic productivity growth remains
surprisingly modest, giving rise to what Brynjolfsson et al. (2021) call the productivity paradox of Al:
enormous technological advances without immediate aggregate economic payoff.

Understanding this paradox requires separating short-term frictions from long-term potential. Al demands
not only capital investment but also organizational adaptation, data infrastructure, and human re-skilling.
Without these complements, technological potential fails to translate into measurable productivity gains
(Acemoglu & Restrepo, 2019).

5.2 Firm-Level Productivity Gains

At the firm level, the impact of Al adoption is clearer and measurable. Companies using Al for predictive
analytics, demand forecasting, and customer service optimization often experience sharp cost reductions
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and process acceleration. McKinsey (Bughin, 2024) estimates that firms integrating Al into core
workflows achieve productivity improvements of 20—30 percent within two years.

Manufacturing firms have seen the largest short-term gains through predictive maintenance and process
automation. Al systems in automotive plants detect component wear before failure, reducing downtime
by up to 50 percent (Bogliacino et al., 2021). Similarly, in finance and logistics, algorithmic forecasting
minimizes excess inventory and credit risk.

However, these gains are unevenly distributed. Larger firms with access to data and computational
resources capture outsized benefits, creating a “winner-takes-most” dynamic (Autor et al., 2023). Smaller
enterprises face barriers, limited digital infrastructure, high software costs, and a lack of skilled personnel.
This asymmetry contributes to rising productivity dispersion within industries: a few highly digitized firms
drive aggregate growth while others stagnate.

In India, firm-level productivity growth mirrors this pattern. A NASSCOM (2024) survey shows that
enterprises using Al-based analytics and automation tools report revenue-per-employee growth 1.8 times
higher than non-adopters. However, adoption is heavily concentrated in IT, finance, and telecom sectors,
while micro, small, and medium enterprises (MSMEs), which employ 110 million people, lag far behind
(NITI Aayog, 2023). The gap highlights that Al alone does not guarantee productivity growth; ecosystem
readiness does.

5.3 National Productivity Trends and Growth Models

At the macroeconomic level, the link between Al and productivity becomes more complex. The OECD
(2023) finds that countries leading in Al research and deployment, such as the United States, South Korea,
and Finland, exhibit higher TFP growth, but the relationship is nonlinear. Productivity improvements
depend on complementary investments in education, broadband infrastructure, and innovation ecosystems.
For example, the U.S. Bureau of Labor Statistics reports that industries with high Al-intensity (defined by
R&D and patent activity) contributed 1.6 percentage points to GDP growth between 2018 and 2023,
accounting for nearly half of total growth in that period. Meanwhile, sectors with low Al-intensity
experienced stagnation, suggesting that AI’s national impact is concentrated in technologically advanced
clusters.

India’s trajectory tells a different story. Despite being one of the fastest-growing digital economies, India’s
labour productivity growth slowed from 6.2 percent (2010-2015) to 4.1 percent (2016-2023) (World
Bank, 2023). Analysts attribute this slowdown partly to delayed diffusion of Al beyond large firms and
cities. NITI Aayog (2023) estimates that if Al adoption reaches even 25 percent of Indian enterprises,
national GDP could rise by $1 trillion by 2035. To achieve this, however, the country must first build
reliable data ecosystems, expand rural broadband access, and integrate Al-readiness into vocational
education.

5.4 The Short-Term vs. Long-Term Productivity Paradox

The AI productivity paradox, high technological progress but slow measurable gains, has become a
central puzzle in economic research (Brynjolfsson et al., 2021). There are several explanations.

First, productivity statistics lag behind innovation cycles. When firms invest in new technologies, the costs
(training, reorganization, data integration) appear immediately, but benefits accumulate gradually. Second,
intangible assets like algorithms and datasets are difficult to measure in GDP, leading to underreported
gains (Bessen, 2019). Third, diffusion lags: early adopters realize gains quickly, but widespread adoption
across sectors takes years.
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Acemoglu and Restrepo (2019) emphasize a deeper structural reason: automation initially substitutes
labour faster than new tasks are created. This displacement suppresses aggregate wage growth even as
firm productivity rises, causing a decoupling between output and incomes. Only when economies adapt,
through education reform, entrepreneurship, and sectoral innovation, do productivity gains diffuse widely.
In India, this lag manifests acutely. Firms at the technological frontier (Infosys, TCS, Reliance Jio) show
rapid productivity growth, but MSMEs and public-sector units, employing the majority, struggle to
integrate Al tools. The result is a dual economy: one high-productivity, digitally enabled; the other low-
productivity and labour-intensive. Bridging this divide is central to translating Al efficiency into inclusive
growth.

5.5 AI and Innovation: Beyond Efficiency Gains

While automation improves efficiency, AI’s broader contribution lies in innovation, creating entirely new
products, services, and business models. Al systems can accelerate R&D cycles, simulate complex
environments, and generate novel designs. For example, DeepMind’s AlphaFold revolutionised protein-
structure prediction, cutting research timelines from years to days (Frick, 2024). In the private sector,
generative Al tools enable small firms to produce marketing content or prototypes that previously required
specialised staff.

This innovation-led productivity is cumulative: as Al tools become cheaper and more accessible, they
democratise creativity and entrepreneurship. Bessen (2019) finds that industries adopting Al for creative
augmentation, as opposed to pure automation, exhibit higher long-term job creation and output elasticity.
Hence, the most sustainable productivity growth arises not from replacing humans but from expanding
human capability through intelligent tools.

India’s burgeoning start-up ecosystem illustrates this trend. Al-driven ventures in agriculture (Cropln,
Fasal), logistics (Delhivery), and education (Byju’s, LeverageEdu) are reshaping entire value chains. By
optimising irrigation, reducing delivery inefficiencies, and personalising learning, these firms generate
measurable economic spillovers, particularly in resource-constrained sectors. As NITI Aayog (2023)
notes, Al could raise agricultural productivity by 20-25 percent if scaled nationally.

5.6 Challenges to Sustained Productivity Growth

Despite potential, three barriers constrain Al-driven productivity growth: skills mismatch, data inequality,
and infrastructure deficits.

The skills mismatch problem persists globally. Firms invest in Al faster than workers acquire
complementary digital skills. The OECD (2023) warns that without parallel investment in education,
productivity gains will remain concentrated in high-skill enclaves, deepening inequality.

Data inequality, the uneven ability to collect and exploit data, further widens productivity gaps. In India,
small firms lack access to clean, high-quality datasets necessary for training models. Large corporations,
meanwhile, benefit from network effects, reinforcing market concentration (Ganuthula & Balaraman,
2025).

Finally, infrastructure deficits, from cloud computing to reliable internet, limit diffusion. India’s urban
digital backbone is robust, but rural areas still face patchy connectivity. As a result, productivity gains
from Al remain spatially uneven, mirroring income disparities.

5.7 Policy Implications: Building an AI-Ready Growth Model

Harnessing Al for broad-based productivity growth requires policies that blend technological investment,
human capital development, and regulatory foresight.
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1. Investin Digital and Physical Infrastructure — Expanding affordable broadband, cloud storage, and
computing access is foundational. India’s Digital Public Infrastructure (DPI), which includes
Aadhaar, UPI, and the ONDC framework, offers a model for integrating digital access with innovation
incentives (NITI Aayog, 2023).

2. Reform Education and Training Systems — Lifelong learning should become central to economic
policy. Initiatives such as Skill India Digital must link directly with industry-certified Al courses and
apprenticeships. Singapore’s Al Apprenticeship Programme demonstrates that targeted reskilling can
lift national productivity without mass layoffs (OECD, 2023).

3. Encourage Responsible AI Research and SMEs — Governments can fund open-source Al research
and subsidise cloud resources for MSMEs, enabling smaller firms to benefit from Al without
prohibitive costs.

4. Reassess Measurement Metrics — Traditional productivity statistics undervalue intangible assets like
algorithms, data, and digital trust. Incorporating these into GDP measurement would yield a more
accurate picture of AI’s contribution (Brynjolfsson et al., 2021).

5. Promote Inclusive Innovation — Policies should incentivise Al applications that directly address
developmental challenges, agriculture, healthcare, urban planning, ensuring growth is equitable and
sustainable.

6. Case Studies

Artificial intelligence (AI) reshapes labour markets differently across industries depending on task
structures, capital intensity, and regulatory environments. This section analyses four representative cases,
manufacturing, IT & services, healthcare, and retail & gig economy, using quantitative evidence from both
global and Indian contexts.

6.1 Manufacturing and Automation (Global Perspective)

Manufacturing has historically served as the testing ground for automation, and the Al era continues this
trajectory. According to the International Federation of Robotics (IFR, 2023), global industrial-robot
installations reached 553,000 units in 2022, representing a 42 percent increase since 2018. Notably,
about one-third of these robots are now Al-enabled, featuring computer-vision and reinforcement-
learning capabilities that allow them to adjust motion paths autonomously and respond to production
variability in real time.

In advanced economies, robot density, the number of robots per 10,000 workers, has risen significantly.
South Korea leads with 1,012 robots per 10,000 employees, followed by Singapore (730) and Germany
(415). Empirical studies link this growth to strong productivity gains: between 2016 and 2022,
manufacturing output per worker grew by 3.7 percent annually in high-automation economies compared
with 1.2 percent in low-automation peers (OECD, 2023).

However, the employment impact of automation remains uneven. A McKinsey (Bughin, 2024) analysis
estimates that Al-driven robotics could displace 85 million jobs globally by 2030 but simultaneously
create 97 million new roles in related areas such as system integration, predictive maintenance, and
logistics optimization. This reflects a qualitative shift rather than a net loss in employment, as repetitive
assembly roles decline and data-centric technical occupations expand.

The automotive sector exemplifies this transformation. Toyota’s Global Body Line 3.0 plants deploy
Al-based welding and inspection robots, which have reduced defect rates by 35 percent and cut human
labour hours by 20 percent while enhancing throughput (Frick, 2024). Tesla’s Fremont Factory
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operates with roughly one robot per five employees, achieving 30 percent higher productivity than
comparable U.S. plants (Brynjolfsson et al., 2021). Despite reduced manual labour intensity, these
systems generate secondary employment in supply chains, calibration, and software operations,
maintaining a positive net effect.

In India, robot density remains low, about 7 robots per 10,000 workers, but is increasing rapidly (IFR,
2023). Government initiatives such as Make in India and Production-Linked Incentive (PLI) schemes
have accelerated Al deployment in automotive and electronics manufacturing. The Confederation of
Indian Industry (CII, 2024) notes that Al-enabled process automation boosted output per employee by
22 percent in pilot plants between 2019 and 2023. While public concern about job displacement persists,
industry data indicate that most automation-driven redundancies are being offset by the emergence of new
roles in robot maintenance, process analytics, and digital quality control.

6.2 IT and Services Sector (India)

India’s IT and business-process-management (BPM) sector, employing 5.4 million people and
contributing 7.5 percent of GDP, sits at the intersection of Al opportunity and automation risk
(NASSCOM, 2024). Routine tasks such as data entry, basic testing, and technical support are increasingly
automated via natural-language models and robotic-process-automation (RPA) tools.

A study by NITI Aayog (2023) estimates that 43 percent of Indian BPO functions and 23 percent of
software-development roles could be partially automated by 2030. Infosys’s Cobalt platform alone
automated 36 million manual hours in 2023, translating to an estimated cost saving of 32,200 crore
(Infosys Annual Report, 2023).

Yet job creation accompanies displacement. Demand for Al and analytics specialists grew 44 percent
year-on-year between 2020 and 2024 (LinkedIn Economic Graph, 2024). Tata Consultancy Services
reports retraining over 556,000 employees through its Machine First Delivery Model (MFDM) initiative,
increasing per-employee productivity by 18 percent (ILO, 2024).

Quantitatively, India’s IT exports rose from US $150 billion (2016) to US $245 billion (2023), even as
headcount growth slowed to 2 percent per year (World Bank, 2023). This decoupling indicates that Al
boosts output faster than employment, a hallmark of digital productivity. However, the transition threatens
entry-level opportunities: campus hiring in Tier 2 engineering colleges fell 25 percent year-on-year in
2023 (NASSCOM, 2024).

To offset this, government-industry collaborations such as FutureSkills Prime aim to train 1.4 million
professionals in Al, cybersecurity, and cloud computing by 2025. Early evidence suggests each upskilled
worker contributes roughly 26 lakh in additional annual value-added (NITI Aayog, 2023).

6.3 Healthcare (Global and Indian Contexts)

Healthcare demonstrates AI’s dual character as a productivity booster and an ethical challenge. The World
Health Organization (WHO, 2023) estimates that Al could raise diagnostic accuracy by 15-20 percent
while reducing administrative costs by up to 10 percent of total health-spending. Globally, Al adoption
in healthcare is expected to contribute US $150 billion in annual productivity gains by 2026 (McKinsey
Global Institute, 2024).

In the United States, the Mayo Clinic’s radiology division reports that Al-assisted imaging increased
throughput by 12 percent without expanding staff. Similarly, NHS England’s deployment of Al triage
tools reduced emergency waiting times by 17 percent (OECD, 2023). These productivity gains stem from
reallocating human labour toward high-judgment tasks rather than layoffs.
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In India, where the doctor-to-population ratio remains 1:1,456, below the WHO’s recommended 1:1,000,
Al acts as a force multiplier. Telemedicine platforms such as Practo and /mg handle over 1.2 million
consultations per month, reducing patient travel time and increasing clinician efficiency by 30 percent
(NITT Aayog, 2023). Apollo Hospitals’ deployment of IBM Watson for Oncology reportedly shortened
treatment-planning time from 53 to 27 minutes, while Al-enabled radiology tools improved detection
accuracy for lung nodules by 11 percentage points (Frick, 2024).

Economic modelling suggests Al could add US $25 billion (=1 percent of GDP) to India’s health sector
by 2030 if adoption reaches 50 percent of large hospitals (World Bank, 2023). However, the employment
implications are nuanced: demand for radiology technicians may decline marginally, but new
opportunities arise for Al model auditors, health-data analysts, and digital-ethics officers.

Training costs remain a constraint. A 2024 study by the Public Health Foundation of India found that Al
literacy among healthcare professionals stood at 28 percent, and only 12 percent of medical colleges
offered dedicated AI modules. Bridging this gap could increase system-wide productivity by 8—10 percent
(ILO, 2024).
6.4 Retail and the Gig Economy

Retail and platform-based delivery industries provide a vivid picture of AI’s algorithmic management of
human labour. Global e-commerce sales grew from US $2.9 trillion (2016) to US $6.3 trillion (2023),
driven by Al-driven logistics, recommendation systems, and dynamic pricing (OECD, 2023). Amazon’s
fulfilment centres deploy over 750,000 robots, increasing average order throughput by 40 percent since
2019 (Brynjolfsson et al., 2021). Yet, these efficiency gains coincided with a reduction in average
warehouse-worker hours per shipment by 32 percent.

In India, Al shapes both organized retail and platform work. Flipkart’s Al-driven supply-chain platform
uses predictive analytics to reduce delivery time by 18 percent and improve last-mile fuel efficiency by
12 percent (NITI Aayog, 2023). The company’s automation facilities employ one robot per eight
employees, demonstrating hybrid human—machine workflows.

The gig economy, however, reveals the darker side of algorithmic productivity. According to ILO (2021),
India hosts 7.7 million platform workers, projected to reach 23.5 million by 2030. Al optimizes route
allocation and customer ratings but introduces wage volatility. A 2023 study by the Centre for Internet
and Society found that Swiggy and Zomato riders’ average effective hourly earnings fell from X105 (2020)
to X87 (2023) as algorithms shortened delivery times and raised performance thresholds.

Quantitatively, algorithmic efficiency improved order-to-delivery turnaround by 22 percent but reduced
idle time pay by 15 percent. The result is higher platform productivity, estimated at ¥3,200 of output per
rider per day, without proportional wage growth (Rani & Furrer, 2023). Still, the sector remains a crucial
employment buffer for urban youth, absorbing roughly 2.5 million new workers annually.

Policy responses are emerging. India’s Code on Social Security (2020) introduced provisions for platform-
worker benefits, and states like Rajasthan and Karnataka have proposed welfare boards funded by 1-2
percent platform levies. If implemented effectively, these could raise average gig-worker earnings by 8—
10 percent (ILO, 2024).

6.5 Comparative Insights and Synthesis

Across all four sectors, quantitative evidence reveals a consistent pattern:

Productivity gains are substantial, typically 15-30 percent per firm after Al adoption.
Employment effects vary by skill level: routine roles decline by 10-25 percent, while high-skill
complementary roles expand 20-35 percent.
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Wage effects diverge: average pay may stagnate, but top-quartile wages rise sharply.

The World Economic Forum (2023) estimates that Al could contribute 14 percent to global GDP by
2030, with India accounting for 8 percent of that increment if adoption accelerates. Yet these gains
depend heavily on institutional readiness, digital infrastructure, labour regulation, and education
alignment.

Economically, Al adoption follows an S-curve: early adopters capture disproportionate benefits, mid-
stage adopters face adjustment costs, and late adopters risk obsolescence. India currently sits at the middle
of this curve. Quantitatively, its Al investment, about US $3.2 billion in 2023, or 0.08 percent of GDP, is
below the OECD average of 0.25 percent (World Bank, 2023). Raising investment to that benchmark
could lift GDP growth by 0.7 percentage points annually (NITI Aayog, 2023).

These sectoral case studies show that AI’s economic footprint is measurable, material, and heterogeneous.
In manufacturing, it raises efficiency but compresses routine employment. In IT services, it sustains
exports while shrinking entry-level hiring. In healthcare, it amplifies scarce human expertise; in retail and
gig work, it optimises systems at the cost of wage stability.

The lesson is clear: productivity gains alone do not ensure inclusive growth. The challenge lies in
converting micro-level efficiency into macro-level welfare through retraining, regulation, and
redistributive policy. For a country like India, with its youthful workforce and service-heavy economy,
the stakes could not be higher.

7. Policy, Education, and Workforce Readiness

7.1. Why Policy Matters in the Al Transition

Artificial Intelligence (AI) is not merely a technological shift; it is a structural transformation that requires
coordinated policy, education, and social adaptation. The speed of Al diffusion, especially generative and
automation technologies, has outpaced traditional labour-market adjustment mechanisms (OECD, 2023).
Without proactive public policy, productivity gains can deepen inequality, skills mismatches, and regional
disparities.

Global experience shows that countries integrating reskilling systems, Al governance frameworks, and
social safety nets experience smoother transitions. Singapore’s SkillsFuture initiative, for instance, has
provided every adult with SGD 500 in lifelong-learning credits, resulting in an 11 percent wage increase
among mid-career participants (OECD, 2023). Similarly, Finland’s AuroraAl network connects citizens
to training and employment services through a national Al platform. These models demonstrate that labour
policy must evolve alongside technology, not after it.

For emerging economies like India, the challenge is larger: to train millions of young workers while
expanding digital infrastructure and regulatory oversight simultaneously. NITI Aayog’s National Strategy
for AI (2023) identifies “Al for All” as its guiding vision, emphasising inclusion, innovation, and trust.
However, achieving that vision demands systemic reform in education, upskilling, and welfare systems.
7.2. Government Reskilling and Labour-Market Initiatives

India has launched multiple programs to improve workforce readiness. The Skill India Digital Platform
(2023) aims to train 20 million workers annually in emerging technologies including Al, data analytics,
and the Internet of Things. As of mid-2024, official data show 8.7 million learners enrolled and 3.2 million
certified, a 37 percent completion rate (NITI Aayog, 2023). Complementary initiatives such as
FutureSkills Prime (NASSCOM & MeitY partnership) have certified over 600,000 professionals in Al-
related domains.
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Quantitatively, these programs are starting to shift the skills base. Between 2018 and 2023, India’s share
of “Al & data” job postings rose from 3.2 percent to 9.6 percent of total online vacancies (LinkedIn
Economic Graph, 2024). Yet participation remains concentrated in urban regions; rural enrolment
accounts for only 18 percent of total learners (ILO, 2024). Bridging this digital divide is crucial if Al-
driven productivity gains are to become inclusive.

Globally, the OECD AI Policy Observatory notes that 41 countries have adopted national Al strategies,
but fewer than half include reskilling targets with quantifiable outcomes (OECD, 2023). The lesson is
clear: policy declarations without measurable implementation fail to build real workforce capacity.

7.3. Al Regulation and Ethical Governance

While reskilling builds human capacity, regulation builds trust. Unchecked Al deployment can amplify
bias, privacy violations, and job insecurity. The European Union AI Act (2024) classifies Al systems by
risk, prohibiting social-scoring algorithms and imposing strict data-governance rules on employment-
related Al. The United States has issued its Blueprint for an Al Bill of Rights (2022), focusing on
algorithmic accountability and workplace transparency.

India is developing a similar framework through the Digital India Act and DPDP Act (2023), which
mandate consent-based data processing and algorithmic audits. NITI Aayog’s Responsible Al for All (RAI)
initiative recommends that employment-related Al systems undergo bias testing and explainability
reviews. Quantitatively, only 15 percent of Indian enterprises currently conduct such audits
(NASSCOM, 2024), highlighting the gap between policy design and execution.

From a labor-market perspective, ethical Al is an economic necessity. Studies show that algorithmic bias
in recruitment can reduce female and minority hiring by 5-10 percent (ILO, 2021). Implementing fairness
audits could therefore expand effective labour supply, directly contributing to productivity growth.

7.4. Education Reforms: Building Future-Ready Skills

The foundation of workforce readiness lies in education. The National Education Policy (NEP 2020)
represents India’s most ambitious reform in decades, emphasizing flexibility, interdisciplinary learning,
and digital literacy. Under NEP implementation, Al has been introduced as an elective subject in over
14,000 CBSE schools and as a core module in the Atal Tinkering Labs initiative, reaching 4.5 million
students by 2024 (NITI Aayog, 2023).

At the tertiary level, more than 150 Indian institutions now offer degrees in Al, data science, or machine
learning, compared with fewer than 10 in 2017 (AICTE, 2024). The Indian Institutes of Technology (IITs)
collectively graduate around 7,000 Al-specialised engineers per year, still modest for a workforce of 500
million. Expanding capacity at state universities and vocational institutes is therefore essential.

Globally, leading universities integrate ethics and social-impact modules into Al curricula. MIT’s
Schwarzman College of Computing and Stanford’s Human-Centered AI Program both link technical
training with philosophy, law, and public policy. Adapting similar interdisciplinary models in India could
produce graduates who design technologies for inclusive growth rather than narrow optimisation.

7.5. Workforce Readiness and Lifelong Learning

Technological acceleration demands continuous reskilling. A World Economic Forum (WEF, 2023)
survey shows that 44 percent of employees worldwide will require significant reskilling by 2027. The
same report estimates that reskilling one worker in data or Al increases lifetime earnings by US $11,000
on average.

Corporate initiatives are increasingly central. Infosys, Wipro, and TCS have each created internal “Al
universities” delivering modular online training. Infosys Lex alone has logged 580 million learning hours
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since 2018 (Infosys, 2023). Yet small and medium enterprises, employing 90 percent of India’s workforce,

often lack such resources. Public—private partnerships could bridge this gap through subsidised e-learning

vouchers or shared training platforms.

Globally, South Korea’s K-Digital Training Program offers another model: government funding covers

80 percent of Al-course fees for unemployed youth, resulting in 70 percent job-placement rates (OECD,

2023). Quantitatively, countries investing at least 1 percent of GDP in lifelong learning exhibit 0.5-0.8

percentage-point higher annual productivity growth (Brynjolfsson et al., 2021).

7.6. Social Security and Labour Protection

Automation and Al increase productivity but also job volatility. Social protection systems must evolve

accordingly. In high-income economies, “portable benefits” tied to individuals rather than employers are

becoming the norm. For instance, Denmark’s Flexicurity Model allows firms to adjust employment easily

while guaranteeing workers 90 percent of wages during retraining (ILO, 2024).

India’s Code on Social Security (2020) represents a step in this direction by extending coverage to gig and

platform workers. As of 2024, registration on the e-Shram portal exceeded 290 million workers, yet only

4 percent receive contributory benefits (NITI Aayog, 2023). Expanding contributory insurance and

unemployment assistance could cushion transitions as Al automates certain roles.

Fiscal feasibility matters. A 2025 CEBR analysis found that allocating 0.5 percent of GDP to

unemployment insurance could stabilise incomes for 30 million Indian workers during automation shocks

without jeopardising fiscal targets. Moreover, conditional cash transfers for reskilling, where benefits

depend on course completion, have improved re-employment probabilities by 12 percent in pilot studies

(ILO, 2024).

7.7. Future-of-Work Debates: UBI and Shorter Work Weeks

AT’s disruptive potential has revived debate on Universal Basic Income (UBI) and reduced work hours.

Economists such as Bessen (2019) argue that when automation decouples productivity from employment,

income redistribution may become essential to sustain aggregate demand.

Finland’s two-year UBI experiment (2017-2019) showed that participants reported 37 percent higher

well-being and 12 percent higher job-search engagement, though employment effects were modest (Frick,

2024). Similar pilots in Kenya and Canada reveal that unconditional transfers can improve education and

health outcomes, factors indirectly boosting productivity.

In advanced economies, shorter work weeks are emerging as another adjustment mechanism. The United

Kingdom’s 2023 four-day-week trial across 61 firms recorded a 1.4 percent productivity increase

alongside better mental health (OECD, 2023). For India, where average weekly hours exceed 48, a

calibrated approach, say, 3540 hours plus flexible remote options, could sustain employment while

accommodating Al-driven efficiency.

7.8. Policy Recommendations for an AI-Ready India

Based on current evidence, five strategic policy directions stand out:

1. Integrate Education and Industry Needs — Align curricula with real-time labour-market analytics.
Regional skill councils could use Al to forecast sectoral demand and update syllabi annually.

2. Expand Public Digital Infrastructure — Extend affordable broadband and cloud access to rural
training centres; every 10-percentage-point increase in internet penetration raises labour productivity
by 0.9 percent (World Bank, 2023).

3. Incentivise Enterprise Upskilling — Offer tax credits covering up to 150 percent of reskilling
expenditure for MSME:s that train existing employees in Al

IJFMR250661047 Volume 7, Issue 6, November-December 2025 20



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

ILJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com

4. Institutionalise Algorithmic Accountability — Mandate annual fairness and transparency audits for
Al systems used in hiring, pay, or promotion.
5. Embed Inclusion as Core Metric — Establish an A/ Inclusion Index measuring gender, caste, and
regional representation in Al jobs; link government funding to progress.
The future of work in the Al era will be defined less by how many jobs technology destroys than by how
effectively societies prepare people for the ones it creates. Policies that combine reskilling, ethical
governance, and flexible social protection can convert technological disruption into human advancement.
For India, where two-thirds of citizens are under 35, the demographic dividend is still alive, but it is
expiring fast. Investing in Al education and equitable access to technology will determine whether this
generation becomes the architect of an intelligent economy or a bystander to one. With deliberate policy,
education that teaches how to learn, and regulation that ensures how to work fairly, India can lead not only
in coding algorithms but in defining what responsible intelligence means for humanity.

8. Opportunities and Challenges

8.1 Economic Opportunities: Innovation, Efficiency, and New Industries

Artificial Intelligence (Al) represents one of the most transformative economic forces since the Industrial
Revolution. According to PwC (2023), Al could contribute US $15.7 trillion to global GDP by 2030,
equivalent to a 14 percent expansion of the world economy. Of this, productivity improvements are
projected to account for roughly 55 percent, while new consumer demand drives the remainder.

For developing economies such as India, the promise is equally large. NITI Aayog (2023) estimates that
Al could add US $957 billion, or nearly 15 percent of India’s current GDP, by 2035 if adoption expands
across manufacturing, agriculture, healthcare, and education. The largest potential gains come from
logistics (productivity up 30 percent), retail (forecasting accuracy improved 20-25 percent), and
healthcare (treatment cost reductions of up to 10 percent).

Al also catalyses the creation of entirely new industries. Generative models underpin sectors such as
synthetic media, digital-twin simulation, and Al-driven drug discovery. Globally, venture capital funding
in Al startups surpassed US $100 billion in 2023, a fivefold increase since 2018 (OECD, 2023). India
hosts more than 4,000 Al-based startups, concentrated in Bengaluru, Pune, and Hyderabad, employing
over 450,000 professionals (NASSCOM, 2024).

Beyond corporate growth, Al enhances entrepreneurial efficiency. Small businesses using Al tools for
marketing or logistics report revenue growth of 20-25 percent within a year of adoption (World Bank,
2023). Digital platforms democratise access to insights once exclusive to large firms. In short, Al lowers
entry barriers, accelerates innovation, and improves resource allocation across economies.

8.2 Social and Labour Opportunities: Empowerment Through Technology

AT’s benefits extend well beyond conventional measures of GDP. Socially, it has the potential to enhance
access, inclusion, and human welfare. According to UNESCO (2023), adaptive learning systems increase
student performance by an average of 18 percent, with particularly strong gains in low-income regions
where teacher shortages persist. Al-powered translation tools foster linguistic inclusion across diverse
populations, while voice-based interfaces expand accessibility for individuals with visual or motor
impairments, thus broadening participation in digital and educational ecosystems.

From a labour-market perspective, Al often augments rather than replaces human work. The World
Economic Forum (2023) projects that by 2030, Al and automation will create 97 million new jobs globally,
offsetting the 85 million roles expected to be displaced. Many of these emerging occupations, such as data
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analysts, sustainability officers, and prompt engineers, command 25—40 percent higher wages than the
global median (Autor et al., 2023).

For India, a powerful synergy exists between its demographic advantage and technological opportunity.
With 65 percent of the population under 35, and a projected labour force exceeding 1.1 billion by 2030
(ILO, 2024), the country stands poised to benefit significantly from Al integration. Studies by NITI Aayog
(2023) suggest that embedding Al in agriculture, education, and logistics could generate up to 20 million
net new jobs, provided that training and skilling programs scale effectively. In agriculture alone, Al-driven
systems for precision irrigation and crop monitoring have been shown to raise yields by 15-20 percent,
increasing incomes for approximately 120 million smallholders (World Bank, 2023).

Al also plays a critical role in sustainability transitions. Predictive algorithms in renewable-energy grids
can reduce energy waste by 10 percent and cut carbon emissions by 4 percent annually (OECD, 2023). In
India, the National Green Hydrogen Mission aims to employ Al-based forecasting to optimize renewable
capacity utilization, potentially saving 20 million tons of CO: per year by 2035.

Thus, when strategically directed toward societal objectives, Al can become a powerful enabler of
inclusive and sustainable development, enhancing education, healthcare, and environmental outcomes
while advancing equitable economic growth.

8.3 Core Challenges: Displacement, Inequality, and Ethical Risks

The flip side of these gains is uneven distribution. Automation-driven displacement remains the most
visible concern. McKinsey Global Institute (2024) estimates that by 2030, up to 30 percent of global
work hours could be automated, equivalent to 300 million full-time jobs. Routine roles, administrative,
assembly, and customer service, face the highest risk.

In India, the vulnerability is acute because nearly 77 percent of workers are in the informal sector, with
limited access to reskilling (ILO, 2024). A NASSCOM (2024) survey shows that 43 percent of IT and
BPO professionals believe automation threatens their roles within five years. Without rapid adaptation,
the country could face transitional unemployment spikes, particularly among graduates in routine service
jobs.

Al also magnifies income and regional inequality. The top 10 percent of firms in advanced economies
account for over 80 percent of Al-related patents and investments (OECD, 2023). Within India, urban
tech clusters capture most benefits, Bengaluru’s average digital salary is 2.4 times that of tier-2 cities
(World Bank, 2023). If unaddressed, these divides risk reinforcing existing socioeconomic hierarchies.
Another challenge is algorithmic bias and opacity. Studies show that Al recruitment models trained on
biased datasets can reduce female or minority hiring probabilities by 5—10 percent (Marino et al., 2025).
In financial services, opaque credit-scoring algorithms have excluded marginal borrowers, widening
inequality. The absence of explainability, knowing why a model made a decision, undermines trust and
accountability.

Finally, data privacy and surveillance pose existential risks to human dignity. Al systems’ inability to
“forget” means personal data, once embedded in models, may persist indefinitely (Zhao, 2022). Persistent
profiling enables political manipulation and erodes autonomy. The economic cost of privacy breaches is
tangible: global losses from data leaks exceeded US $4.45 billion in 2023, rising 15 percent year-on-year
(IBM, 2024).

8.4 Balancing Growth and Inclusion: Lessons from Global Practice

Countries that successfully balance innovation with inclusion tend to experience more sustainable Al
transitions. The Nordic economies demonstrate this equilibrium clearly. In Sweden, Job Security Councils
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link automation policies with guaranteed retraining support, ensuring that 85 percent of displaced workers

secure new employment within a year (Frick, 2024). As a result, despite high automation intensity, Sweden

maintains one of the lowest Gini coefficients globally, reflecting minimal inequality.

Singapore presents another effective model by pairing Al ethics oversight with strong human-capital

investment. Under its National Al Strategy 2.0, the government allocates approximately US $500 million

annually toward digital-skills vouchers, workforce reskilling, and algorithmic-governance frameworks

(OECD, 2023). This dual focus sustains both economic competitiveness and public trust, a combination

essential for long-term Al adoption.

For India, achieving a similar balance poses unique challenges due to its scale and diversity. Bridging the

**digital divide, across urban and rural, male and female, and formal and informal sectors, **requires

deep structural interventions. NITI Aayog (2023) projects that universal broadband coverage and the

creation of rural Al innovation labs could boost rural productivity by 11 percent within five years, enabling
more equitable diffusion of technology benefits.

Evidence also indicates that inclusive Al policy yields measurable economic dividends. According to

World Bank (2023) simulations, countries that pair Al adoption with education investment of at least 6

percent of GDP achieve double the per-capita income growth compared with nations spending less. This

underscores that inclusion is not merely a social goal but an economic multiplier, central to ensuring that

Al-driven growth translates into shared prosperity.

8.5 Policy and Ethical Imperatives: Designing Responsible Growth

The path forward demands responsible innovation, grounded in ethics, transparency, and shared benefit.

Economists argue that governments should treat Al not as a free-market phenomenon but as a public

infrastructure, one requiring regulation, oversight, and equitable access (Acemoglu & Restrepo, 2019).

Five imperatives define responsible growth:

1. Human-Centric Design — Al should augment human capability, not replace it. The International
Labour Organization (2024) advocates “human-in-the-loop” models in high-risk applications like
healthcare and recruitment.

2. Algorithmic Accountability — Regular audits of Al systems for bias, fairness, and explainability can
prevent structural discrimination.

3. Data Sovereignty — Localising sensitive data and enforcing consent-based processing protect privacy
while fostering domestic innovation.

4. Sustainable Al Infrastructure — Al training consumes vast energy; data-centre emissions could reach
3.5 percent of global totals by 2030 (OECD, 2023). Green computing policies and carbon-neutral Al
research must therefore accompany growth.

5. Global Cooperation — Because Al transcends borders, ethical standards should align internationally.
India’s participation in the Global Partnership on Al (GPAI) and its co-chairing of the 2024
Responsible AI Summit reflect an encouraging start.

Al embodies both promise and peril. Economically, it can deliver unprecedented productivity and

innovation; socially, it can democratise opportunity and accelerate sustainability. Yet without deliberate

policies, it risks deepening divides, displacing vulnerable workers, and compromising privacy.

Quantitatively, the evidence is clear: economies that invest 1 percent of GDP in reskilling and ethical Al

frameworks generate 0.6 percent higher annual growth and 30 percent lower inequality compared to

unregulated peers (OECD, 2023). The numbers confirm what history teaches: that technology’s benefits
are not automatic; they are earned through governance.

IJFMR250661047 Volume 7, Issue 6, November-December 2025 23



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

ILJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com

For India, the task ahead is to ensure that the same algorithms predicting markets also predict needs, where
to build schools, whom to retrain, and how to empower citizens. The measure of success will not be how
intelligent machines become, but how wisely societies use them to make human life more secure,
dignified, and equitable.

9. Conclusion

Artificial Intelligence has clearly become the defining economic force of the 21st century, powerful
enough to reshape how people work, produce, and earn. The evidence presented throughout this study
shows that AI’s influence on labour markets is neither wholly destructive nor entirely liberating, but rather
transformative. Across industries, Al has amplified productivity, generated new categories of
employment, and accelerated innovation, while simultaneously deepening inequality and challenging the
moral boundaries of work.

The data reveal a consistent pattern: economies and firms that integrate Al with human capital investment
experience the strongest outcomes. Manufacturing productivity rises when workers are retrained to operate
and manage smart systems. Healthcare becomes more efficient when doctors use Al to enhance diagnosis
rather than replace clinical judgement. In India’s IT and service sectors, strategic reskilling and digital
literacy initiatives have turned technological disruption into a source of growth. Yet in regions where
education systems, regulatory frameworks, or inclusion mechanisms remain weak, Al tends to widen
existing divides, between skilled and unskilled, urban and rural, and male and female.

The broader insight is that technology does not determine destiny, policy and preparedness do. Nations
such as Finland and Singapore illustrate that responsible automation is achievable when innovation is
matched by inclusion and strong institutional design. For India, the path forward lies in scaling digital
education, ensuring algorithmic transparency, and building social safety nets for workers whose
livelihoods are most vulnerable to automation.

Ultimately, Al should be viewed not as a substitute for human intelligence but as its extension. When
developed and deployed ethically, it can enhance human dignity, reduce drudgery, and expand
opportunity. The central challenge of the coming decade is to align economic efficiency with social justice.
The future of work will not be written by algorithms themselves, but by how wisely humanity governs
their use.
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